Biologists often gain structural and functional insights into a protein sequence by constructing a multiple alignment model of the family. Here a program called PROBE fully automates this process of model construction starting from a single sequence. Central to this program is a powerful new method to locate and align only those, often subtly, conserved patterns essential to the family as a whole. When applied to randomly chosen proteins, PROBE found on average about four times as many relationships as a pairwise search and yielded many new discoveries. These include: an obscure subfamily of globins in the roundworm Caenorhabditis elegans; two new superfamilies of metallohydrolases; a lipoyl/biotin swinging arm domain in bacterial membrane fusion proteins; and a DH domain in the yeast Bud3 and Fus2 proteins. By identifying distant relationships and merging families into superfamilies in this way, this analysis further confirms the notion that proteins evolved from relatively few ancient sequences. Moreover, this method automatically generates models of these ancient conserved regions for rapid and sensitive screening of sequences.
INTRODUCTION
A common problem in molecular biology is predicting aspects of a protein's structure or function from its sequence. This task is relatively simple when a sequence shares direct similarity with a well-characterized protein. In such instances, routine pairwise searches (1,2) have led to key biological discoveries, such as the link between the control of telomere length in yeast and ataxia telangiectasia in humans (3) or the relationship between mutations in DNA mismatch repair proteins and human cancer susceptibility (4, 5) . However, when a sequence lacks direct similarity, its function may only be discerned by comparing it with a multiple alignment model of the protein family (6) (7) (8) (9) (10) (11) (12) (13) (14) . Such a model is defined by the often weakly conserved sequences shared by diverse family members, just as a body plan for a group of organisms might be defined by their conserved anatomical features. These models not only identify distant relatives (due to their enhanced sensitivity) but, as is shown here, may also merge families that at first appear to be distinct. Moreover, a model is also of interest in and of itself, inasmuch as it reveals the key features of a protein family. Hence, greater sensitivity and insight can be gained by searching not just for pairwise relationships but also for a model of the family to which the query belongs.
An alignment model is constructed by pursuing a similarity search to its conclusion, as follows. At the start of a search, little is known about the protein family (only the sequence of the query). After a pairwise search (1, 2) , more is known about the family from the sequences related to the query. Then these sequences can be used to search for additional family members, which can in turn also be used as queries (1, 2) . After gathering as many sequences as possible in this way, conserved patterns are identified by alignment (10) (11) (12) 14, 15) and begin to reveal the characteristics of the family. This alignment is then converted into a model or profile (6) (7) (8) (9) (10) (11) (12) (13) (14) 16) to search for distant relatives. Finally, the alignment model is refined through several search, editing and re-alignment cycles (see [17] [18] [19] for examples of iterative searches).
Although certain aspects of this process have been automated and used within manually applied iterative schemes (13, (19) (20) (21) (22) , we make mathematically explicit the construction of a highly refined alignment model starting from a single sequence. This allows the method to be fully automated and facilitates statistical and algorithmic analysis, which can eliminate human bias and lead to improvements in speed and sensitivity that would not otherwise be obvious. Furthermore, a fully automated method needs no input other than the database and the query. Consequently, it is more accessible to biologists and allows many protein families to be analyzed. Indeed, it would allow the entire database to be partitioned into aligned domains and thereby model the 'ancient conserved regions' previously noted only indirectly (23) . As a result, these domains could be compared and their models used for rapid and sensitive screening of new sequences.
In order to construct a highly refined protein model, however, an automated method needs to align only those functionally conserved patterns shared by the family as a whole. Achieving this is not as simple as might first appear, because distantly related sequences often share multiple isolated regions of weak conservation with few or no invariant residue positions (as is seen, for example, in Fig. 4 ). Furthermore, some positions within these *To whom correspondence should be addressed. Tel: +1 301 496 2475; Fax: +1 301 480 9241; Email: neuwald@ncbi.nlm.nih.gov regions may be no more conserved than expected by chance (14) and, if included, can overspecify the model. Thus, to best detect outlying members, an alignment model should include only those regions and those positions within each region showing some evidence of functional constraints. Addressing this issue is an important part of this work.
Here we describe a fully automated program for constructing alignment models, called PROBE. Equipped with new statistical and algorithmic procedures to identify the essential features of a protein family, PROBE reveals many new relationships. Such findings are not rare. Often new members of known families, as well as new families and superfamilies, are found. We illustrate this here through many examples.
METHODS

Gathering family members
PROBE first performs a 'transitive' pairwise search to gather members of the protein family. Unlike a typical pairwise search, which only looks for direct relationships to the query, a transitive search looks for indirectly related sequences as well (24) . This is based on the transitive nature of evolutionary relationships: if sequence A is related to sequence B and B is related to sequence C, then A and C are also related, even when they lack direct similarity. (Of course, such a transitive relationship requires that the sequences share direct similarity to the same region of the intermediate sequence.) Furthermore, if C is related to yet another sequence D, then A and D are also related. Hence, it is possible to extend such a search until every transitive relationship is detected. This strategy is illustrated in Figure 1A .
The details of the transitive search are as follows. First, an initial (internally implemented) BLAST search (1) is performed using a single starting sequence as the query. During this initial search, PROBE removes sequences lacking at least a trace of similarity to the starting sequence (P 0.005 for the single comparison); this helps speed up subsequent searches. Next, for each 'detected' sequence (i.e. where P > 0.01 after adjusting for the size of the database) a subsequent search is performed using the region related to the previous query, as delineated by optimal local alignment (25) . This alignment is based on a PAM-250 matrix (26) with a gap opening penalty of 12 and an extension penalty of 4; a PAM-250 matrix is used because it favors full alignment of distantly related domains. Note, however, that when the query is itself a subsequence, obtained from a previous search, then forced shortening of subsequent queries can occur. To prevent this, the region delineated by the full query sequence is used, provided that it overlaps with more than half of the region delineated by the subsequence. Finally, this procedure is recursively applied until every lead is exhausted.
Constructing a protein model
After finding related sequences by the transitive search, PROBE aligns them and uses the alignment model to search for additional family members. PROBE ensures modeling of functionally conserved patterns in two ways. First, closely related sequences are removed because their similarity is mainly due to recent evolutionary divergence rather than to shared functional constraints. [We use this procedure, rather than a weighting scheme, such as is described by Henikoff and Henikoff (27) , because it allows more rapid alignment and yields essentially equivalent Flow chart for constructing a protein model. Searches were run on a modified version of the NCBI non-redundant (nr) database, from which close homologs, annotated fragments, sequences <100 residues long (i.e. possible un-annotated fragments) and sequences containing ambiguities were removed. PROBE masks low complexity sequences by SEG filtering (82).
results.] Second, new statistical criteria specify how many ungapped conserved regions (or blocks) and which positions within each block to include in the alignment model (this is explained in Fig. 2 ). To avoid confusion, note that the unconserved positions within blocks, though aligned in the figures, are eliminated from the model during the alignment process. Hence, the model includes only those columns in the alignment that show at least some trace of conservation based on these statistical criteria.
PROBE constructs an alignment model of the protein family through a combination of Gibbs sampling, a genetic algorithm and database searches using progressively more refined alignment models (outlined in Fig. 1B ). Gibbs sampling (15) is a Monte Carlo procedure that, beginning from a random alignment, continually re-aligns the sequences, not always for the better, but with probability proportional to the quality of the re-alignment. A theorem in statistics shows that this process will converge on the most probable (i.e. the best) alignments. How this works may seem mysterious, but the underlying principle is simple. Just as a chemical reaction comes to completion faster at room temperature than near absolute zero, the optimum is reached faster by probabilistic sampling than by continually improving the alignment. This is because an element of chance acts like the random molecular motion associated with heat to allow the sampler to maneuver around locally optimal traps in alignment space. The hard part is correctly defining the probabilities associated with the possible re-alignments (the analog of force and temperature in a molecular system) so that the sampler Figure 2 . Finding the best alignment. What is meant by one alignment being better than another? To answer this, it helps to think of an alignment as a model. (To go from an alignment to a model, think of the residues found in aligned columns as estimating the tolerances at those positions.) In this view, the best alignment corresponds to the most probable model, i.e. the model most likely to have generated the sequences. Such a model will align only those blocks and represent only those columns within each block having some evidence of functional constraints. This is because the Bayesian method we use assigns greater probability to simpler models, i.e. to models that treat unconserved regions and unconserved columns within aligned blocks as unrelated. [This effect of Bayesian model selection was characterized by Berger and Sellke (83) .] In the figure, each point represents the best alignment found by Gibbs sampling for 16 known and putative N-acetyltransferases, given the specified number of columns and blocks. [Details about this superfamily are described elsewhere (84) .] The symbols f, j, n, F and Z correspond to alignments with from 1 to 5 blocks respectively (gray symbols correspond to alignments of shuffled sequences). Thus the best alignment found has four blocks and 47 columns. The value plotted is the logarithmic ratio of the model's probability to that of a 'null' model, which corresponds to unaligned sequences. These probabilities (28; Liu,J.S., Neuwald,A.F. and Lawrence,C.E., unpublished results) have been adjusted for the flexibility one has, given the number of blocks and columns, to align similar residues by chance alone. These weights are given by the reciprocal of the number of ways to align the sequences given the number of blocks, i.e. by where N seq is the number of sequences, L i is the length of the ith sequence, N is the number of blocks and len n is the length of the nth block. The probability is also weighted to adjust for the freedom to reposition columns within each block as described elsewhere (14) . Because these adjustments are conservative, the inclusion of unconserved columns is somewhat disfavored (P ∼ 0.005). Note also that there is a slight bias toward gapping of conserved regions. For shuffled sequences an unaligned model, which has a log probability ratio of zero, is best (as desired).
converges on the best alignments and does so as quickly as possible. The details of how this is done are given elsewhere (28) .
PROBE uses a new Gibbs strategy, termed 'propagation', which gains speed by requiring the alignment to be collinear. During each step, propagation samples a collinear array of segments in one of the sequences proportional to how well they (collectively) match the current alignment model of the other sequences (29; Liu,J.S., Neuwald,A.F. and Lawrence,C.E., unpublished results). This involves sampling the collinear array using a stochastic version of dynamic programing (30, 31) , so that the segment chosen for each conserved block depends on which segments are chosen for adjacent blocks. [Note that due to these Markovian dependencies between blocks, propagation is a form of hidden Markov model (10) (11) (12) , however, the two methods differ in several specifics, as is described elsewhere (Liu,J.S., Neuwald,A.F. and Lawrence,C.E., unpublished results).] Interspersed among these propagation steps are column sampling steps (14) , which locate and align conserved residue positions and optimize the widths of the blocks. PROBE uses a modified form of column sampling that allows transfers between blocks.
Because propagation searches only among alignments having a fixed number of blocks and of columns, a genetic algorithm is used to recombine alignments (having various numbers of blocks and columns) and to select for the best among all possible alignments. The genetic algorithm first uses propagation to generate a 'population' of alignments with various numbers of blocks and columns. Next, it randomly selects alignments, recombines them and subjects the recombinants to additional rounds of Gibbs sampling. The recombinants are then added back into the population and survivors are selected based on their 'measure of fitness'; this measure, which also serves to define the best alignment, is described in Figure 2 . These rounds of recombination and selection continue until the alignment can no longer be improved. Starting with the best alignment model found in this way, PROBE then searches the database for additional family members. This causes the next alignment to better define the essential features of the family, which (in turn) improves the next model, and so on, until convergence.
More specifically, PROBE uses the following procedure to construct the multiple alignment. 1. Initialization.
1.1. Define the starting sequence set as the sequences detected in the transitive BLAST search.
1.2. Initialize the parameters of the random (binomial) distributions used to sample the numbers of blocks and columns in the alignments (see below). The mean of the distributions are initially set to five blocks and nine columns (per block). 2. Remove close homologs from the sequence set using the PURGE procedure (given in 14) . By default, a PURGE cut-off score of 150 is used, but if more than 50 sequences are thereby retained this cut-off is lowered so that no more than 50 sequences remain. 3. Create an initial population of M multiple alignments by repeating the following substeps.
3.1. Randomly align the purged sequence set with the numbers of blocks and columns in the alignment drawn from random distributions.
3.2. Re-align the sequences by propagation (described and referenced above).
3.3. Save a copy of this alignment if it is the best found thus far. 3.4. Add the alignment to the population.
4. Iteratively apply the following recombination and selection substeps.
4.1. Randomly choose two alignments from the population for recombination.
4.2. Determine the possible recombinants derived from the two alignments. A recombinant alignment consists of collinear non-overlapping blocks derived from the original alignments such that each aligned sequence has one and only one segment in each block.
4.3. Select the best recombinant based on the statistical criteria (measure of fitness) described in Figure 2. (A recombinant could also be sampled proportional to its fitness, but this has not yet been implemented.)
4.4. Re-adjust the recombinant alignment by propagation. If the recombinant is the best alignment found thus far then save it and use its number of blocks and columns to update the distribution parameters.
4.5. Add the recombinant to the population and remove the 'least fit' alignment. (An alignment could also be removed inversely proportional to its fitness, but this has not been implemented.) 4.6. To introduce new variants into the population, generate another alignment from 'scratch' by applying steps 3.1-3.4.
4.7. If the new variant is the best alignment found thus far then save it and update the distribution parameters.
4.8. If the last n consecutive applications of step 4 failed to improve the alignment then go on to step 5. Otherwise return to step 4.1. 5. Take the best alignment found in step 4 and use it to search the database for related sequences. The SCAN procedure (14) is used for the search; the default P value cut-off is P ≤ 0.01. 6. If any new sequences are found then define the sequences detected in the search as the sequence set and go back to step 2, otherwise stop.
The length of a run depends on the number of conserved blocks and the size and diversity of the protein family, however, a typical run (using default settings) takes about 2-3 h on a current Sun workstation.
Statistical significance
We avoid false positives in two ways. First, PROBE is procedurally conservative, i.e. transitively related sequences must match the starting sequence at the P ≤ 0.005 level of significance (for a single BLAST pairwise comparison) and, in general, any sequence added into the evolving alignment must be significant at the P ≤ 0.01 level after adjusting for the size of the database searched. Furthermore, during iterative searches any sequence that clearly lacks one of the conserved regions is not added: each aligned segment in the sequence must match the corresponding block at the P ≤ 0.6 level (an E value of 1.0). Note that even if false positives are inadvertently added early on, they are continually re-evaluated during refinement of the alignment and we find that they are often rejected during later iterations. Unlike other iterative search procedures (13), PROBE will converge even using unreasonably high E value cut-offs, because the statistical criteria used (see Fig. 2 ) disfavor alignment of unrelated sequences.
A second and more critical step to eliminate false positives is computation of a 'jackknifed' P value. Such a P value is obtained by (manually) removing the sequence in question and pairwise similar sequences from the PROBE output FASTA file and then using this edited file as the input for another PROBE search. (PROBE can construct an alignment starting with either a single sequence or a set of related sequences as input.) The reported P values are approximated by E values as previously described for the SCAN program (14) , which is incorporated into PROBE. To adjust for the size of the search, these P values are multiplied by the combined lengths of the database sequences divided by the length of the query sequence.
RESULTS AND DISCUSSION
The following sections present various examples. The first example shows, step by step, how a protein family is found and aligned starting from a single sequence. Next, a representative sample of randomly selected proteins shows what to expect for an average search. Finally, several newly discovered families and new members of known families are examined in more detail.
A subfamily of worm globins
How PROBE works is illustrated through the following example. The Caenorhabditis elegans hypothetical protein W01C9.5 shares clear direct similarity (P ≤ 0.01) with two other uncharacterized C.elegans proteins, as well as weak similarity (P = 0.03) with clam hemoglobin. By itself, this provides few clues, even though the similarity to hemoglobin is suggestive. However, a transitive search finds (indirect) relationships to several globins as well as to other C.elegans proteins (Fig. 3A) . Next, starting with these sequences, the model construction procedure finds many more globins (Fig. 3B) . Finally, PROBE returns an alignment that includes animal and plant globins, bacterial hemoglobins and flavohemoproteins, as well as several other C.elegans hypothetical proteins (Fig. 3C ). This alignment is in good agreement with globin structural alignments (32-34) and illustrates how PROBE can bring together structural homologs lacking any trace of pairwise similarity, such as leghemoglobin (1LH1) and spoonworm hemoglobin F-I (1ITH). Moreover, this model easily distinguishes globins from non-globins for proteins in the structural database (P < 10 -9 and P > 0.3 respectively).
The C.elegans globin-like proteins are of particular interest. Many of them match the globin model at a high level of significance (Fig. 3C) ; this includes one sequence (R13A1.8) lacking detectable similarity to known globins and to other sequences. However, several C.elegans proteins found during the transitive search were not detected by the globin model (or included in the final alignment), due to a lack of similarity to one or more of the conserved regions. These sequences appear either to contain errors or to correspond to pseudogenes, yet their relationship to the globins is clear from their pairwise similarity to proteins with significant similarity to the globin model. Thus the transitive search and the model construction procedure are complementary: each finds relationships missed by the other.
Nematode globins tend to be distantly related to the globins of vertebrates and to other invertebrates (35) , but it is surprising to find so many diverse globins within a single nematode species. Another invertebrate, the midge Chironomous thummi thummi, also has a multitude of globin genes (36 and references therein), but these are quite closely related. Notably, several of the C.elegans proteins (R01E6.6, R13A1.8 and F46C8.7) have additional N-terminal or C-terminal regions, predicted (37) to form non-globular domains (not shown). Thus their roles may involve interactions with cellular components or with other Fig. 2 ). Modeled columns are those with conserved residues (highlighted in black) and those indicated by asterisks (which are only weakly conserved). The six aligned blocks roughly correspond to seven α-helices of the globin fold (an eighth 'd' helix, which is present in some globins, is absent from the model). Numbers in parentheses between blocks are insert lengths. Jackknifed P values are shown for the C.elegans proteins (last column, boxed rows). Note the globin-like features of the C.elegans proteins, including: a conserved proline residue in the bend between helices b and c (block 2); a conserved phenylalanine, which wedges into the heme pocket (block 2); a proximal histidine, which binds to the heme iron atom (block 4); a distal histidine or glutamine [both of which are capable of hydrogen bonding with the liganded oxygen (85,86)] (block 3).
subunits [as occurs during Ascaris hemoglobin octamer formation (38)].
Survey of the sequence database
It is important to test an automated method using fixed parameters on a random sample. Therefore, we performed PROBE searches with 100 randomly selected sequences: 50 from the bacterium Mycoplasma genitalium and 50 from the yeast Saccharomyces cerevisiae. These sequences are representative because they are drawn from each organism's complete repertoire of proteins. (Prior to selecting these sequences and performing the analysis, however, obvious partial or ambiguous sequences and any sequences less than 100 residues long were first eliminated to prevent sequence errors from obscuring the results.) About half of these searches found more relationships than a BLAST search and, on average, a search found about four times as many [or, excluding sequences with the widely occurring GTP or ATP binding P loop motifs (39) , about two and a half times as many] (Table 1) . For multiple domain sequences, however, these estimates are low because the program currently converges on the single strongest domain (future versions of the program will need to address this and related issues by explicitly modeling multiple and repetitive domains and commonly occurring subdomains). Altogether, these searches detected relationships to ∼10% of the sequences in the database.
A closer look at the output from these searches reveals that the model refinement process follows an evolutionary path. The initial alignment model tends to consist of relatively closely related sequences, those near the query's branch of the evolutionary tree. Later models gather more distant relatives until, in some cases, the final model includes sequences derived from a very ancient ancestral sequence. Depending on the focus of interest, however, a model constructed earlier in this process may be more useful (these models are also saved during a search). For example, a search seeded with the yeast Sen1 protein early on constructs a superfamily I helicase (40) model containing seven conserved regions and recognizing ∼320 proteins. Later this evolves into a model consisting of two conserved regions resembling Walker ATP binding motifs (41) . Several other searches listed in Table 1 also converged on ATP binding motifs, but some of these converged too rapidly for the earlier models to be of much use. Increasing the stringency of the search in these cases, however, helps to avoid this effect by slowing down (or stopping) this progression to more distant relationships.
Given the dramatic expansions seen in Table 1 , it is important to eliminate the possibility that this is due to false positives. We address this as follows. First, careful examination of these sequences reveals that the superfamilies (and the NTP binding subdomains) accounting for this expansion are well documented in the literature (with the notable exception of the glycosyltransferases described below). For example, S-adenosylmethionine binding proteins, ABC transporters, the helicase I and II superfamilies, the major facilitator and α,β-hydrolase fold superfamilies, protein kinases, serine proteases, RNA binding proteins and others have all been previously noted. Indeed, the fact that PROBE automatically rediscovers these superfamilies confirms that it is working as expected. Moreover, as an additional check for false positives, we selected a number of PROBE alignment models corresponding to protein families with known structures. (The current gold standard for the significance of protein relationships is the similarity of their 3-dimensional structures.) Searches of the structural database with these models followed by structural comparisons yielded no false positives at the P = 0.01 level of significance (Table 2 ). However, it should be stressed that (as for all statistically-based procedures) false positives will sometimes occur and (as for other search methods) compositionally biased sequences (such as the cysteine-rich LIM domains in Table 1 ) tend to pull in other sequences of similar composition. Nevertheless, this does demonstrate that the PROBE procedure is sufficiently conservative to ensure generally reliable results. Hence, there is ample support for the biological significance of the discoveries reported in Table 1 .
One of the M.genitalium searches given in Table 1 detected a superfamily of glycosyltransferases which to our knowledge has not been previously reported. (A few of these relationships have been noted (42) , however, based on similarities in the most conserved regions.) This superfamily contains diverse proteins in organisms ranging from bacteria to vertebrates, including: human ceramide glycosyltransferase; Rhizobium nodulation protein C; dolichyl phosphoryl mannose, cellulose and hylauronan synthases; succinoglycan, teichoic acid and other polysaccharide biosynthetic enzymes; and polypeptide N-acetylgalactosaminyl transferase. To further explore PROBE's ability to find new superfamilies and unknown members of known families, we performed additional searches using randomly selected sequences. While too many discoveries were made to present them all here, the following examples are representative.
Enzyme classification: sorting out zinc metallohydrolases
The task of enzyme classification is often hindered by our lack of understanding concerning the relationship between structure and function. For example, a group of enzymes, initially classed together based on their catalyzed reactions, may later be found to have distinct structures and catalytic mechanisms. Conversely, enzymes catalyzing distinct reactions may have similar structures and mechanisms. Moreover, many proteins cannot be classified at all because their catalytic activity (or lack of it) is not known. PROBE is useful for resolving these issues because the subtle similarities it detects imply a common structure and evolutionary origin. This is illustrated by the discovery of two superfamilies of zinc-dependent hydrolases. a A few alignment models had fewer conserved blocks than expected for those families due to unannotated fragments in the database. b A gapped-based version of BLAST (90) yields ∼10% more relationships than the ungapped version. c Number of sequences detected either at convergence or after at most 10 cycles. The first superfamily includes several metallopeptidase families (as well as other proteins). Rawlings and Barrett (43) classify the metallopeptidases into five groups consisting of ∼30 families. This superfamily includes four families (M20, M25, M28 and M33) from group five, a miscellaneous category containing the least characterized families, as well as several other enzymes not assigned to any of the five groups. These other enzymes include: alkaline phosphatase isozyme conversion protein; pituitary glutaminyl cyclase (which is enzymatically classified as an aminoacyltransferase); and Bacillus subtilis RocB protein (an uncharacterized enzyme involved in arginine degradation). The alignment consists of seven conserved regions spanning nearly the full lengths of the smallest proteins, suggesting a common structural fold. Moreover, a comparison of the alignment with the structure for one of these metallopeptidases is insightful: six prominently conserved residue positions are all near the two active site zinc atoms ( Fig. 4A and B) . Consistent with this, most of these proteins are known to bind either zinc or cobalt [which can substitute for zinc in some peptidases (44, 45) ]. Thus, members of this superfamily appear to have similar structures and catalytic mechanisms.
The second superfamily is catalytically more diverse. It includes metallo-β-lactamases, which (like the peptidases) cleave carbon-nitrogen bonds, as well as enzymes hydrolyzing thiolester, phosphoric diester and sulfuric ester bonds (Fig. 4C) . The catalytic diversity (and hence the adaptability) of this superfamily explains how certain members might have easily evolved into metallo-β-lactamases in response to environmental and therapeutic antibiotics. This superfamily shares five conserved regions, although one or two of the least conserved of these seem to be missing in some members. The most highly conserved positions again correspond to residues near the active site of one of the proteins, metallo-β-lactamase from Bacillus cereus (46), whose structure is known. Thus, we can make some predictions about the less characterized members of this superfamily, such as the yeast Snm1 protein (47) , which is required for repair of DNA cross-links, and the Escherichia coli PhnP protein (48) , which plays a role in phosphonate degradation. Presumably these proteins exert their effects through hydrolysis of covalent bonds by a mechanism similar to that of metallo-β-lactamases.
A 'swinging arm' domain in bacterial membrane fusion proteins
Another search reveals that bacterial membrane fusion proteins (MFPs) share two conserved regions with lipoyl and biotin binding domains (49) (50) (51) and shows how PROBE detects distant relationships even when some of the sequences contain large insertions within a conserved region. MFPs occur in Gram-negative bacteria, where they function as part of multicomponent complexes that excrete diverse substances (ranging from small molecules to whole proteins) across both the inner and outer membranes (52) (53) (54) (55) . MFPs reside in the periplasm, presumably between a 'pump' protein, which is embedded in the inner membrane, and an outer membrane channel protein. Similarly, lipoyl and biotin binding domains also occur in multicomponent (enzyme) complexes, where they function as 'swinging arms' to convey substrates between catalytic sites (56) . [Other similarities between lipoyl and biotin binding domains have also been noted (57) (58) (59) .] The lipoyl or biotin cofactor attaches to a specific lysine residue located between the two regions of similarity to MFPs (Fig. 5A) . Moreover, the structure of the lipoyl binding domain Figure 6 . Representative alignment of DH domains detected by PROBE. The jackknifed P value for Fus2p is 0.00001 and for Bud3p is 0.01. (Bud3 lacks similarity to the least conserved region of this family, which is in the PH domain, therefore, the Bud3 P value is based on a PROBE alignment lacking this region.) Note that the spacings between conserved blocks (which the P value calculations disregard) are close to the spacings for known GEFs; this is unlikely to occur by chance, especially for long sequences such as Bud3p (1636 residues).
( Fig. 5B ) reveals that these conserved regions are close together in adjacent β-strands, with the intervening cofactor attachment site in the middle of a β-turn.
The similarity of MFPs to lipoyl and biotin binding domains implies a similar 'swinging arm' mechanism, albeit one lacking a lysine cofactor attachment site. Instead, they contain sizable insertions between the two conserved regions ranging from ∼70 to >200 residues (Fig. 5A) . Apparently, MFPs have opted to attach another protein domain to the β-turn of the swinging arm in place of a covalently bound cofactor. Moreover, these insertions are significantly longer for complexes that excrete whole proteins as opposed to small molecules, as if extending their reach for larger objects. Hence, MFPs appear to convey substances across the inner and outer membranes in a manner analogous to the swinging arm of a multienzyme complex.
Sequences distantly related to regulators of GTP binding proteins
A search often finds previously unknown, distant members of known families; this is shown here for the Cdc24 family of guanine nucleotide exchange factors (GEFs). GEFs activate Ras GTP binding proteins (binary molecular switches controlling cellular pathways) by promoting the exchange of bound GDP for free GTP (60) . GEFs should not be confused with GTPase activating proteins (GAPs), which deactivate these binary switches by activating the GTP binding protein's inherent GTPase activity; this turns off the switch by converting bound GTP to GDP. Cdc24p and related GEFs are currently thought to activate Rho-like proteins, Ras GTPases whose apparent role is to control cytoskeletal reorganizations (61, 62) . Members of the Cdc24 family typically contain two conserved domains: a Dbl homology (DH) domain (63) , which is associated with GEF activity, and a Pleckstrin homology (PH) domain (64) (65) (66) , which appears to be responsible for membrane localization and activation of the DH domain.
Starting with the yeast Cdc24 protein, PROBE converged on an alignment of six conserved blocks: four corresponding to a DH domain and two corresponding to the N-terminal region of a PH domain, which typically lacks clearly conserved motifs. An alignment of the conserved regions of the DH domain is shown in Figure 6 . Among the proteins detected are two sequences not known to be members of this family. These are the yeast S.cerevisiae Bud3 and Fus2 proteins, which are involved in control of axial budding pattern (67, 68) and cell fusion (69) respectively. Both proteins are linked to the establishment of cell polarity, a process associated with cytoskeletal reorganization (70) (for reviews on cell polarity see 71, 72) .
The similarity of Bud3p to known DH domains, although not highly significant, is consistent with what is known about it. Bud3p and Bud4p (the axial budding proteins) act upstream from Bud1p, Bud2p and Bud5p (the bipolar budding proteins), which make up a GTPase cycle: Bud1p (a small Ras-related GTPase) is controlled by Bud2p (a GAP) and Bud5p (a GEF belonging to the Cdc25 family) (73) (74) (75) . Bud1p also interacts functionally with Cdc24p, a GEF associated with cycling of Cdc42 GTPase.
[Cdc42p is a key factor controlling cell polarity (76) .] Moreover, Bud3p functionally cooperates with Bud4p, which shares similarity to GTPases (77) . These facts, in the light of the similarity of Bud3p to GEFs, suggest that it is part of yet another GTPase cycle in this pathway.
The similarity of Fus2p to exchange factors for Rho-like GTPases is also consistent with what is known about its function. Fus2p is required for mating pheromone-induced cell fusion in yeast (69) , a process requiring the Cdc42 and Cdc24 proteins (78) (79) (80) . (cdc24 and cdc42 mutants are defective in formation of both buds and 'shmoo' tips, membrane projections that mating cells direct toward each other.) Furthermore, Fus2p influences cytoskeletal reorganization (fus2 mutants fail to orient microtubules between parental nuclei in zygotes after cell fusion) (69) . Considering that Fus2p is expressed in haploid cells only in response to mating pheromones (69), perhaps it is an exchange factor for a GTPase cycle that links the pheromone signal to downstream factors in this pathway.
CONCLUSION
Our analysis illustrates the ability of computational methods to accelerate the characterization of protein families. An essential part of this process is to locate the subtle patterns conserved among distantly related sequences. The biological relevance of these patterns is clear for those examples where they are known to correspond to residues critical for protein function. Moreover, in such instances, whatever is known about the structure or function of one protein enhances our understanding of the whole family. Yet even uncharacterized sequences are useful, inasmuch as they create links between distant relatives and help specify key residues, thereby suggesting targets for mutagenesis and design experiments. Thus, even the uncharacterized sequences coming out of genome projects can lead to important discoveries (24) . Many of these discoveries could have practical benefits, as our examples suggest. For instance, some of the bacterial sequences related to metallo-β-lactamases may be linked to antibiotic resistance in those organisms. Also, for all of our examples it should be noted that the discoveries were made by examining the output of a fully automated process using a single default setting. Nevertheless, the method could be further developed in various ways; for example, compositionally biased and excessively gapped regions could be better modeled, as could atypical sequences having short insertions or deletions within regions that are ungapped in the family as a whole.
In addition to characterizing individual families, our method can also help map out the protein 'universe' (23, 81) . From this perspective, each protein model is associated with a primordial sequence from which a family or superfamily has emerged. Therefore, it is not surprising that so many proteins seem to coalesce into so few models; this is just as expected, assuming that the first organisms had as few or fewer genes as the smallest genome among today's freeliving organisms and assuming that most genes evolved by duplication. Thus, another application of our method is to partition the sequence database into models of the distinct domains corresponding to these ancient proteins. (To do this, one need only continue to completion the model extraction process described here.) These models may come close to enumerating the functionally-related structural folds, which they seem to represent, and would be useful for rapid and sensitive screening of new sequences. Hence, by modeling the patterns within and the relationships between sequences in this way, such computational methods can help decipher the function and origin of proteins.
